Most cancer patients die of complications resulting from metastases, but the molecular and cellular changes that endow cancer cells with the ability to leave the primary tumor, survive during transit through the blood, and establish new tumors in secondary organs remain incompletely understood 1 . Cell-intrinsic alterations and external signals from the tumor microenvironment alter the cancer cell state and enhance the likelihood that a cancer cell will overcome the multiple barriers that limit metastatic spread 2 . A better understanding of the molecular changes that enable cancer cells to overcome the barriers imposed during the metastatic process could aid in the diagnosis, prevention, and treatment of metastatic cancer 1,2 .
a r t i c l e s
Most cancer patients die of complications resulting from metastases, but the molecular and cellular changes that endow cancer cells with the ability to leave the primary tumor, survive during transit through the blood, and establish new tumors in secondary organs remain incompletely understood 1 . Cell-intrinsic alterations and external signals from the tumor microenvironment alter the cancer cell state and enhance the likelihood that a cancer cell will overcome the multiple barriers that limit metastatic spread 2 . A better understanding of the molecular changes that enable cancer cells to overcome the barriers imposed during the metastatic process could aid in the diagnosis, prevention, and treatment of metastatic cancer 1, 2 .
Much of our understanding of the molecular mechanisms that drive metastatic ability has been generated from experimental systems that relied on the use of cancer cell lines. However, these cell lines are unlikely to maintain all of the molecular features of patients' tumors growing within their unperturbed native environment [3] [4] [5] [6] [7] . Conversely, direct molecular analyses of primary tumors and metastases from patients almost always entails the analysis of bulk tumor samples; thus, the molecular changes within the cancer cells themselves can be difficult to glean. Genetically engineered mouse models of metastatic human cancer represent experimental systems with which the natural history of malignant progression can be investigated. In these models, autochthonous primary tumors develop entirely within their natural environment and can evolve to gain metastatic proclivity that is sufficient to produce widespread multi-organ metastatic disease [8] [9] [10] [11] [12] .
Lung adenocarcinoma is a prevalent type of lung cancer that frequently harbors activating point mutations in the KRAS oncogene and inactivation of the p53 tumor suppressor pathway [13] [14] [15] [16] [17] [18] . This subtype of lung cancer has been modeled by engineering conditional alleles of Kras and Trp53 (which encodes the tumor suppressor Trp53) in mice 8, 19 . Expression of the Cre recombinase in lung epithelial cells from Kras LSL-G12D/+ ;Trp53 flox/flox mice leads to the removal of a stop cassette and the expression of oncogenic Kras G12D , as well as inactivation of p53. Although lung tumors in Kras LSL-G12D/+ ;Trp53 flox/flox mice are initiated synchronously, only a small fraction of tumors progress to acquire metastatic ability 3, 8 . Thus, the direct analysis of these tumors at distinct stages of metastatic progression could provide unique insights into the molecular mechanisms that drive metastatic progression.
Here we leverage tumor barcoding in a mouse model of human lung adenocarcinoma to identify neoplastic cells at defined stages of metastatic progression. We use unbiased genomic analysis and a small-scale in vivo functional screen to uncover novel drivers of metastatic ability. By coupling these analyses with extensive human validation, functional metastasis assays in vivo, and molecular analyses, we identify a targetable pro-metastatic CD109-Jak-Stat3 axis. a r t i c l e s 2 9 2 VOLUME 23 | NUMBER 3 | MARCH 2017 nature medicine
RESULTS

Isolation of neoplastic cells from distinct stages of metastatic progression
To uncover the gene expression alterations that occur during lung cancer progression, we interrogated the gene expression state of neoplastic cells at different stages of malignant progression. We initiated tumors in Kras LSL-G12D/+ ;Trp53 flox/flox mice that also contained a Rosa26 LSL-tdTomato Cre reporter (hereafter referred to as KPT mice) with a pool of barcoded lentiviral vectors that express Cre recombinase and purified Tomato + cancer cells using FACS (Fig. 1a) 3, 8, 20 . Five to nine months after tumor initiation, cancer cells were isolated from 3-8 individual primary tumors per mouse, as well as from metastases from various organs including the lymph node, pleura, soft tissues, and liver ( Fig. 1b and Supplementary Fig. 1a) . Sequencing of the barcode region of the integrated lentiviral vectors established primary tumor-metastasis and metastasis-metastasis relationships (Fig. 1c,d ). Tumor barcoding allowed us to distinguish nonmetastatic primary tumors (T nonMet ) from those primary tumors that had seeded macrometastases (T Met ; Fig. 1e and Supplementary Fig. 1d ).
We performed RNA sequencing (RNA-seq)-based gene expression profiling on ten T nonMet primary tumors, nine T Met primary tumors, and 24 individual macrometastases (Met) that represented 12 metastatic events ( Fig. 1f and Supplementary Fig. 1d ). To examine additional earlier stages of lung cancer development, we also analyzed premalignant cells from hyperplasias that developed in KPT mice shortly after tumor initiation (referred to as KPT-early or KPT-E), as well as from tumors from Kras G12D ;Rosa26 LSL-tdTomato (KT) mice, which have intact p53 signaling and whose tumors rarely gain metastatic ability ( Fig. 1f and Supplementary Fig. 1d ) 3, 19 .
Chimeric transcripts from the lentiviral long terminal repeat (LTR)-genomic DNA junctions and somatic mutations identified from our RNA-seq data confirmed the T Met and Met relationships ( Supplementary Figs. 1b ,c and 2a-j).
Global analysis of lung cancer progression highlights two distinct transitions during primary tumor development
The clustering of all samples by gene expression clearly distinguished the KPT-E, KT, and T nonMet samples from the Met samples. T Met tumors clustered mostly with the T nonMet samples, while some had gene expression profiles that were intermediate between these two distinct molecular states, consistent with varying contributions of the metastatic subclones within different T Met tumors (Fig. 2a) . KPT-E and KT tumors were also distinct from the more advanced T nonMet and T Met primary tumors (Fig. 2a) . Finally, metastases clustered by their clonal relationship rather than by their metastatic site (Supplementary Fig. 3a) . Removal of the gene signatures associated with each metastatic family still failed to uncover organ-specific differences in clustering, suggesting that the tissue environment at the metastatic site has limited influence on global gene expression programs in established macrometastases ( Fig. 2b and Supplementary Fig. 3b-f ). Several hundred genes underwent significant changes in gene expression during the transition between the KPT-E or KT state and the state of the KPT primary tumors at later time points (T nonMet and T Met ; Fig. 2c, Supplementary Fig. 3g , and Supplementary Tables 1-3 ). The T nonMet and Met cancer cell states showed even more dramatic gene expression differences (Fig. 2d,e, Supplementary Fig. 3h T1  T2  T3  T4  T5  T6  T7  T8   23/27  4/27  Size  Larger   Smaller   T9  T10  9  T   T11  T12  T Met  T Previously established regulators of human lung adenocarcinoma metastasis, including lymphoid enhancer binding factor 1 (Lef1) and Hif transcriptional complex activity, were increased, whereas GATA-binding protein 6 (Gata6) activity was decreased in metastases (Supplementary Tables 4 and 5 ) 5, 21, 22 . Most of the genes that were previously identified as differentially expressed in cell lines derived from T nonMet and Met tumors from this model 3 were confirmed in the ex-vivo-sorted samples (Supplementary Fig. 3i) . Notably, the analysis of directly isolated cancer cells identified nearly three times as many differentially expressed genes than were identified in our previous analysis of cell lines from these tumors (Supplementary Fig. 3i ) 3 . This highlights the value of analyzing ex vivo cancer cells directly from different stages of metastatic progression. Relapse in patients with lung adenocarcinoma following potentially curative surgery is driven in part by subclinical pre-existing metastatic disease. We investigated whether a metastasis signature derived from the most differentially expressed genes between T nonMet and Met 185KT  179KT   182KT  1324KPT-E   1331KPT-E  1334KPT-E   802LN  802ST1   133LN  133PL  772LN  772LIVER  772DTC  543ST  543LIVER  355T4  1032T1  374LN   545LN  1032LN  299PL  545PL  545ST  802ST2   1032ST2  1032ST2  302LIVER  560ST  802T1   299LN  299ST  374DTC   349PL  355DTC  545T4  1032T4  560T6  543T6  772T6  374T5   349T4  543T4   349T5  374T7  802T8   302T4  545T5  299T1   299T5  302T2   355LN  349LN   Met   T 
Primary The number of genes with >2-fold difference and an adjusted P < 0.01 between groups is indicated. (e) Heat map of genes that are differentially expressed (fold change > 2, adjusted P < 0.01) between T nonMet and Met samples. These samples were not clustered on the basis of their gene expression but rather were arranged by group. For all primary tumors, we dissociated the entire tumor before FACS-based purification of the Tomato + cancer cells (as opposed to only isolating cells from one part of the tumor). Therefore, the gene expression profile is an average of the entire tumor. Two clonally related metastases 349LN and 349PL were unlike the other metastases. (f,g) Outcome of patients with lung adenocarcinoma after stratification based on a gene expression signature generated by comparing T nonMet to Met samples (Met sig.). Analysis of 444 unselected patients (f) and 75 patients with KRAS-mutant tumors (g) from TCGA. P values, hazard ratios (HR), and number of patients in each group are indicated. a r t i c l e s samples could predict patient outcome. We developed a Cox random forest model from the signature using cross-validation and determined the threshold of predicted values that discriminated between long and short survival times among patients. Patients with primary tumors that had a gene expression program similar to that of the metastases from the mouse model had considerably shorter overall survival ( Fig. 2f and Supplementary Fig. 5c ). The predictive power of our signature was mostly comparable to previously published signatures ( Supplementary Fig. 5d-k) [23] [24] [25] . Notably, the predictive power of this signature was even greater on the smaller set of patients with oncogenic KRAS mutations ( Fig. 2g and Supplementary Fig. 5l,m) .
Functional interrogation identifies several novel regulators of lung adenocarcinoma metastasis
To enable rapid and quantitative screening of candidate drivers of metastasis, we established a model of spontaneous metastasis, in which subcutaneous growth of a cell line that we generated from disseminated cancer cells from a KPT mouse (889 cells) leads to the development of liver and lung metastases. This model mimics all steps of the metastatic process, including dissemination, transient survival in circulation, invasion, and metastatic seeding and outgrowth in distant organs. We chose 23 candidate genes whose products could promote metastasis (hereafter referred to as pro-metastatic genes) for evaluation in a small-scale functional screen. We considered the magnitude and significance of differential expression between the T nonMet and metastatic state, as well as the ability of each gene to predict outcome in patients with lung adenocarcinoma 23, [26] [27] [28] . To uncover previously unknown regulators of metastatic ability, we also focused on genes for which there was little pre-existing data to link them to metastatic ability (Supplementary Table 1 ). We tested between three and ten lentiviral vectors that encoded short hairpin RNAs (shRNAs) specifically targeting the expression of each candidate gene to identify the shRNAs with the best knockdown efficiency. Knockdown of the expression of each candidate pro-metastatic factor in the 889 cell line had only minor, if any, effect on in vitro proliferation, no effect on in vitro cell death, and no more than a 30% reduction in subcutaneous tumor growth ( Supplementary Fig. 6b,c,i) . Metastatic ability was assessed by enumerating fluorescent metastatic lesions in the lung and liver (Fig. 3a-c and Supplementary Fig. 6a,l,m) 28 . Knockdown of five genes (Cd109, Lrp8, Kcnn4, Emp3, and Dbn1) reduced metastatic seeding to the lung by >90% and almost completely inhibited metastasis to the liver ( Fig. 3a and Supplementary Fig. 6d,j) . For six of the highest-ranked candidate pro-metastatic genes (Cd109, Cbfb, Lrp8, Gpx8, Onecut2, and Emp3), we confirmed that knockdown using a second independent shRNA also reduced lung and liver metastases ( Fig. 3b and Supplementary Fig. 6d ,j,k).
CD109 is required for metastatic ability
Of our top hits, CD109 was the strongest predictor of survival for patients with lung adenocarcinoma, and patients within the highest decile of CD109 expression had approximately threefold shorter survival times than all of the other patients (Supplementary Table 1 and Supplementary Fig. 7a-f ). Cd109 is a glycosylphosphatidylinositol (GPI)-linked cell surface protein of the α2-macroglobulin-complement superfamily [29] [30] [31] [32] [33] that was dramatically upregulated in Met samples ( Supplementary Fig. 7g ,h and Supplementary Table 1) . Cd109 knockdown almost completely abrogated the formation of lung and liver metastases from subcutaneous tumors and greatly reduced the number of metastases after intravenous transplantation ( Fig. 8e-g ). The reduced number of cancer cells in the lung was not driven by reduced proliferation of cells in which Cd109 had been knocked down ( Supplementary Fig. 8j ,k). Cd109 knockdown also reduced liver metastasis after intrasplenic transplantation of 889 cells into recipient mice. Cd109 knockdown reduced the metastatic ability of two additional Kras G12D ;Trp53 −/− mouse lung adenocarcinoma cell lines, 299DTC and 579ST, demonstrating that this cell surface protein is critical for metastasis to diverse organ sites ( Fig. 3g and
Supplementary Figs. 9c and 10a-i).
Consistent with the variable expression of CD109 in human lung adenocarcinomas, human lung cancer cell lines also showed diverse CD109 expression ( Supplementary Fig. 7i,j) . We initially investigated the function of CD109 in a human lung cancer cell line (H460) that harbors oncogenic KRAS, expresses high levels of CD109, and forms liver and lung metastases after intravenous transplantation a r t i c l e s 2 9 6 VOLUME 23 | NUMBER 3 | MARCH 2017 nature medicine of H460 cells into recipient mice (Fig. 3h-k) . CD109 knockdown greatly reduced the ability of H460 cells to metastasize after intravenous transplantation, suggesting that CD109 can drive the remarkable metastatic aptitude of human lung adenocarcinoma (Fig. 3h-j and Supplementary Fig. 7k,l) .
CD109 controls the activation of Stat3
Given the dramatic effect of Cd109 knockdown on metastatic ability, we investigated global gene expression changes elicited by Cd109 knockdown (Supplementary Table 6 ). This highlighted several potential pathways as effectors of Cd109 function, including Stat3 signaling ( Supplementary Fig. 11a and Supplementary Tables 7 and 8) 31, 32 . Activation of the Stat3 transcription factor is regulated by phosphorylation, and cells expressing a Cd109-specific shRNA (shCd109) had a consistent and dramatic reduction in Stat3 phosphorylation. Reduced Stat3 phosphorylation was confirmed in Cd109-null clones and in two additional mouse lung adenocarcinoma cell lines in which Cd109 was knocked down (Fig. 4a,b and Supplementary Fig. 11b,c) . Expression of exogenous Cd109 in a mouse embryonic fibroblast cell line also increased phosphorylation of Stat3 (Fig. 4c) . Moreover, human lung cancer cell lines that express high levels of CD109 had higher STAT3 phosphorylation than cell lines with low levels of CD109 (Fig. 4d) . CD109 knockdown in human H460 cells, an additional KRAS-mutated cell line, and four KRAS-WT human lung cancer cell lines reduced STAT3 phosphorylation. Taken together, these data confirm that the regulation of Stat3 activation by Cd109 is conserved in mouse and human cells ( Fig. 4e and Supplementary Fig. 11d-h ).
Cd109 knockdown reduced the clonal growth ability of multiple mouse lung cancer cell lines under low-density-plating and anchorage-independent conditions ( Fig. 4f and Supplementary Fig. 12a-e) . Cd109 was also required for efficient migration, suggesting that a (Fig. 4f and Supplementary Fig. 12a-e) . Consistent with a conserved molecular mechanism in human lung cancer, CD109 was also required for clonal growth and migration of several human lung cancer cell lines ( Fig. 4g and Supplementary  Fig. 12f-n) .
STAT3 is a key effector of the pro-metastatic function of CD109 High levels of phosphorylated STAT3 (pSTAT3) correlate with poor differentiation and short survival of patients with lung adenocarcinoma; however, it remains unclear whether STAT3 is a key driver of lung cancer metastasis [34] [35] [36] [37] (Fig. 4h-j and Supplementary  Fig. 13a-j) . Stat3 knockdown elicited similar cellular phenotypes as Cd109 knockdown, dramatically reducing clonal growth ability and modestly affecting cell migration (Fig. 4f) .
To directly test the epistatic relationship of Cd109 and Stat3, we expressed hyperactivatable Stat3 (Stat3C) 38 in cells expressing shControl or shCd109 (Supplementary Fig. 14a ). Stat3C expression almost completely reversed the cell culture phenotypes elicited by Cd109 knockdown (Fig. 5a) . Restoration of Stat3 activity also increased the ability of shCd109-expressing cells to metastasize to the lung and liver from subcutaneous tumors (Fig. 5b-d and Supplementary Fig. 14b-d) . Finally, expression of Stat3C also partially restored the ability of shCd109-expressing cells to form metastases after intravenous transplantation into recipient mice ( Fig. 5e and Supplementary Fig. 14e-g ).
CD109 is best characterized as a negative regulator of signaling involving transforming growth factor (TGF)-β and the Smad family of transcription factors 30, 33, 39 , and we found that pSmad2 was increased in shCd109-expressing cell lines (Supplementary Fig. 15a) . Consistent with the metastasis-suppressive role of Smad4 in some settings 40, 41 , expression of a dominant-negative Smad4 variant (dn-Smad4) in lung adenocarcinoma cells increased their metastatic ability by approximately threefold (Supplementary Fig. 15b-f) . Notably, not only did dominant-negative TGF-β receptor II and dnSmad4 fail to rescue the metastatic ability of shCd109-expressing cells, but dnSmad4 was also incapable of increasing the metastatic ability of these cells (Supplementary Fig. 15d-f) . Collectively, these data are consistent with a model in which increased Cd109 expression drives metastatic ability through increased Stat3 activation and in which Stat3 activity is one critical component of the metastatic state.
Jak kinases are required for CD109-induced Stat3 activation
Members of multiple kinase families can phosphorylate Stat3 (refs. [42] [43] [44] ; therefore, we determined whether inhibition of Src, receptor tyrosine kinases or of Jak kinases could reduce Cd109-driven Stat3 phosphorylation. Pharmacologic inhibition of members of the Jak family of kinases, using multiple small-molecule inhibitors, reduced pStat3 levels similar to those observed after knocking down Cd109 expression in 889 cells and also reduced pSTAT3 levels in H460 human lung cancer cells (Fig. 5g-j and Supplementary  Fig. 16a-d) . Inhibition of Jak kinase activity in fibroblasts overexpressing Cd109 also reduced pStat3 to a level similar to that in the parental cells, which express low levels of Cd109, suggesting that Cd109-induced Stat3 phosphorylation requires Jak kinase activity (Fig. 5f) . The profile of drug sensitivity in lung cancer cells suggests that Jak1 and Jak3 likely function upstream of Stat3, and we confirmed reduced pStat3 levels in cells with Jak1 expression knocked down (Supplementary Fig. 17a,b) . Although multiple transmembrane receptors can scaffold the activation of Jak-Stat3, we found that knockdown of interleukin 6 signal transducer (Il6st; also known as Gp130) expression also reduced pStat3 levels in lung adenocarcinoma cells (Supplementary Fig. 18a,b) . Finally, pyridone 6 treatment, Jak1 knockdown, and Gp130 knockdown each reduced the clonal-growth and migratory ability of lung cancer cells in culture, consistent with the phenotypes of cells with knockdown of Cd109 and Stat3 expression ( Fig. 5k and Supplementary Figs. 16e-g, 17c,d and 18c,d) .
Jak inhibition reduces metastatic ability
To determine whether Jak kinase activity was also required for metastatic ability, we initially inhibited these kinases before and during metastatic seeding, using the most potent pan-Jak-kinase inhibitor, pyridone 6 (refs. 45,46) (Fig. 5g and Supplementary Fig. 16a ). Pyridone 6 treatment greatly reduced the number of micrometastases in the lung and liver after intravenous transplantation of 889 cells (Fig. 6a-d and Supplementary Fig. 19a-f) . Pharmacologic Jak kinase inhibition with pyridone 6 also reduced liver metastases after intrasplenic transplantation of 889 cells into recipient mice (Fig. 6f,g and Supplementary  Fig. 19g-i) . Consistent with the effect of CD109 knockdown on human H460 cells, pyridone 6 treatment also reduced metastatic seeding of H460 cells (Fig. 6e and Supplementary Fig. 19j ). The Jak kinase inhibitors ruxolitinib 47 and filgotinib 48 also inhibited Stat3 phosphorylation and reduced metastatic seeding of 889 cells (Supplementary Fig. 19k-m) . Finally, knockdown of Jak1 or Gp130 reduced metastatic ability after intravenous transplantation, consistent with Jak1 and Gp130 being integral components of a pro-metastatic Jak-Stat3 axis (Supplementary Figs. 17e-i and 18e-m) .
We further investigated the role of Jak-Stat3 signaling in CD109-driven metastatic seeding and outgrowth by treating mice with subcutaneous tumors with pyridone 6. We tested the effect of Jak kinase inhibition on metastasis formation with and without surgical removal of the subcutaneous tumors. The development of metastases in each setting was reduced >10-fold by pyridone 6 treatment ( Fig. 6h-k) . Jak kinase inhibition had a much less dramatic effect on subcutaneous tumor growth, and continued Jak kinase inhibition after subcutaneous tumor removal had little effect on the number or size of metastases, consistent with the dedicated function of the CD109-Jak-Stat3 axis to the metastatic process ( Supplementary Fig. 19n-r) .
The molecular mechanisms that drive metastasis are likely to be diverse across different types of cancer, but CD109 expression has been documented in several other cancer types 49, 50 . Notably, high CD109 expression predicted poor patient outcome in several other diverse cancer types (Supplementary Fig. 20a-e) . CD109 knockdown also reduced STAT3 phosphorylation in several human renal cell carcinoma cell lines, suggesting that this axis may function in subsets of patients with other tumor types (Supplementary Fig. 20f ).
DISCUSSION
The unbiased analysis of metastatic progression in genetically engineered mouse models affords a unique opportunity to study cancer progression in a controlled setting. Our tumor-barcoding approach allows primary tumor-metastasis and metastasis-metastasis relationships to be determined, thus enabling accurate comparisons throughout the spectrum of metastatic progression. The integration a r t i c l e s nature medicine VOLUME 23 | NUMBER 3 | MARCH 2017 2 9 9 of molecular lineage-tracing and fluorescent-tagging approaches with additional low-input unbiased genomic methods 51 should enable an even greater understanding of the mechanisms that drive the progression of lung adenocarcinomas. Similar approaches can also be leveraged to investigate cancer progression and metastasis in mouse models of many other cancer types [9] [10] [11] 52 .
Our study provides key insights into the aberrant state of malignant cancer cells and the mechanisms that they use to overcome the hurdles that limit systemic spread. We defined a metastatic lung cancer cell state that is accompanied by a loss of differentiation and dramatic remodeling of many gene expression programs ( Supplementary  Figs. 4 and 5a) . Notably, a gene expression signature of this metastatic state predicted the clinical outcome of patients with lung adenocarcinoma, suggesting that a fraction of patients' tumors likely undergo similar cell-state changes. This signature was an even better predictor of survival of patients with oncogenic-KRAS-driven lung adenocarcinoma; therefore, we speculate that the initiating oncogenic alteration influences the likelihood that a tumor will use a particular mechanism of metastatic progression. Our approach also allowed the unbiased analysis of metastases that arose naturally in different organs. Unexpectedly, we uncovered very few gene expression differences between macrometastases in different organs ( Fig. 2b and Supplementary Fig. 3b-f) . Although transient gene expression differences could promote early stages of organ tropism, our data suggest that the tissue environment at the metastatic site has a limited influence on global gene expression programs in established macrometastases.
We uncovered a pro-metastatic axis in which high levels of expression of the GPI-linked cell surface protein CD109 led to activation of Jak-Stat3 signaling in cancer cells (Fig. 4a,e) . Across multiple mouse and human lung adenocarcinoma cell lines, CD109 was a major regulator of cellular phenotypes associated with malignancy and metastatic ability in vivo (Figs. 3 and 4) . Our data suggested that in addition to the potential role of Jak-Stat signaling in stromal cell types, CD109 is a cell autonomous regulator of metastatic ability in lung adenocarcinoma. Several important questions regarding this pro-metastatic pathway remain. It remains unclear what leads to the dramatic upregulation of Cd109 expression in metastatic lung adenocarcinoma cells. The direct molecular link between Cd109 and Gp130-Jak-Stat3 signaling, the function of other pathways downstream of Cd109, and the full complement of Stat3 targets that drive metastatic ability also remain to be elucidated and will be important areas of future investigation ( Fig. 6l and Supplementary Fig. 21 ).
Our studies suggest that direct targeting of CD109 or inhibition of the Jak family of kinases could provide therapeutic benefit in the neo-adjuvant or adjuvant setting. Unlike Stat3-deficient mice, Cd109-deficient mice are viable and show only minor defects 31, 53 , suggesting that Cd109-driven Jak-Stat3 signaling may be selectively important within metastatic tumors. There is a growing interest in the potential benefit of anti-metastatic therapies in cancers like lung adenocarcinoma, in which a large number of patients are initially diagnosed with localized disease 54 . Interrupting Cd109-induced Jak-Stat3 signaling could reduce metastasis from primary tumors, as well as the propagative seeding of additional metastases from pre-existing metastases, in a subset of patients.
METHODS
Methods, including statements of data availability and any associated accession codes and references, are available in the online version of the paper. 
a r t i c l e s ONLINE METHODS
Mouse strains and tumor induction. Kras LSL-G12D , Trp53 flox/flox , and Rosa26 LSLtdTomato mice have been described 8, 19, 55 . The lentiviral-barcode-Cre (Lenti-BC-Cre) vector was generated as previously described 3 . Lenti-BC-Cre was co-transfected with packaging vectors (delta8.2 and VSV-G) into 293T cells using TransIT-LT1 (Mirus Bio). The supernatant was collected at 48 and 72 h, ultracentrifuged at 25,000 r.p.m. for 90 min, and resuspended in PBS. Tumors were initiated by intratracheal infection of mice with lentiviral vectors expressing Cre recombinase, as previously described 56 . The Stanford Institute of Medicine Animal Care and Use Committee approved all animal studies and procedures.
Tumor dissociation and cell sorting. Primary tumors and metastases were dissociated using collagenase IV, dispase, and trypsin at 37 °C for 30 min. After dissociation, the samples remained continually on ice, were in contact with ice-cold solutions, and were in the presence of 2 mM EDTA and 1 U/ml DNase to prevent aggregation. All solutions contained the RNA polymerase inhibitors α-amanitin (Sigma-Aldrich, A2263) and actinomycin D (Sigma-Aldrich, A1410) to prevent changes in gene expression that might be induced during the dissociation and sorting steps. Cells within the pleural cavity were collected immediately after euthanasia by making a small incision in the ventral aspect of the diaphragm followed by introduction of 1 ml of PBS. Cells were stained with antibodies to CD45 (30-F11), CD31 (390), F4/80 (BM8), and Ter119 (all from BioLegend) to exclude hematopoietic and endothelial cells (lineage-positive (Lin + ) cells). DAPI was used to exclude dead cells. BD LSR II analyzers and FACSAria sorters (BD Biosciences) were used for cell sorting.
Barcode PCR and analysis. RNA and genomic DNA were extracted from sorted cancer cells using AllPrep DNA/RNA Micro Kit (Qiagen). Lentiviral barcode sequences were PCR-amplified from genomic DNA. PCR reactions were treated with ExoI and FastAP (New England BioLabs), to remove primers and nucleotides, followed by Sanger sequencing.
Mouse ex vivo RNA-seq preparation. RNA quality of each tumor sample was assessed using the RNA6000 PicoAssay for the Bioanalyzer 2100 (Agilent) as per the manufacturer's recommendation. All of the RNA used for RNA-seq had a RNA integrity number (RIN) >8.0. 20 ng total RNA per sample was used for cDNA synthesis using the Ovation RNA-seq system (NuGEN Technologies, Inc.; San Carlos, CA, USA) as described in the manufacturer's instructions. Briefly, the mRNA was reverse-transcribed to synthesize the first-strand cDNA using a combination of random hexamers and poly(T) chimeric primer. Double-stranded DNA was generated by fragmentation of the mRNA template strand using RNA-dependent DNA polymerase. The dsDNA was purified using Agencourt RNAClean XP beads. The DNA was amplified linearly using a single-primer isothermal amplification (SPIA) process in which RNase H degrades RNA in a DNA-RNA heteroduplex at the 5′ end of the double-stranded cDNA, after which the SPIA primer binds to the cDNA and the polymerase starts replication at the 3′ end of the primer by displacement of the existing forward strand. Finally, random hexamers were used to amplify the second-strand cDNA linearly. The double-stranded cDNA was subjected to library preparation using the Illumina TruSeq DNA sample preparation kit (low-throughput protocol) according to manufacturer's protocol. Briefly, 5 µg of double-stranded cDNA was sheared to ~200-bp fragments and used for library preparation. cDNA was sheared by sonication (Covaris model S1) with a duty cycle of 10%, intensity of 5, and cycle/burst of 100 for 5 min, according to the manufacturer's instructions. 1 µg of cDNA fragments was then blunt-ended through an end-repair reaction and ligated to platform-specific double-stranded barcoded adapters using library preparation kits from the TruSeq DNA sample preparation kit. The purified cDNA library products were evaluated using the Agilent bioanalyzer and diluted to 10 nM for cluster generation in situ on HiSeq paired-end flow cells using the CBot automated cluster-generation system, followed by massively parallel sequencing (2 × 100 bp) on HiSeq 2000 instruments. We obtained 104-bp mate-paired reads from DNA fragments of an average length of 250 bp.
Detection of lentiviral integration sites from RNA-seq data. To detect lentiviral integration sites in our samples, we used SAMtools to align all short reads from RNA-seq data against lentiviral LTR sequences (CAGTGTGGAAAATC TCTAGC) 57 . Adjacent chimeric reads were then aligned to the mouse genome on the University of California, Santa Cruz (UCSC) genome browser to identify the lentiviral integration site.
Identification and confirmation of somatic mutations in RNA-seq data.
Mutations were called from the RNA-seq data using SNPiR 58 . First, a splice-aware reference genome was created by concatenating the mouse mm9 genome with a library of sequences spanning all of the splice junctions from three different gene annotations: UCSC Genes, RefSeq Genes, and Ensembl Genes. Next, reads were mapped to this reference genome using BWA 59 , with the coordinates of reads mapping onto splice junctions adjusted to their corresponding position on mm9. Duplicate reads, unmapped reads and low-quality reads were removed. Insertion and deletion (indel) realignment was performed, and mutations were called using the Genome Analysis Toolkit (GATK) 60 . To filter false-positive mismatches caused by technical artifacts, mutations within the first 6 bp of reads, within the 4 bp of a splice junction, within homopolymer runs or repetitive regions, within reads that do not uniquely map to the reference genome, and those located at known sites of RNA editing were removed. Custom scripts further categorized these mutations by filtering out mutations that occurred universally in all of the samples, those that appeared in every tumor, those that appeared in any normal tissue samples, and those that appeared in any of our pooled samples (KT and KPT-E). Mutations were then categorized into families if they appeared in multiple samples from the same mouse. This method identified putative mutations that would relate primary metastatic tumors (T Met ) to metastases, as well as metastases to other metastases. When possible, we prioritized the validation of mutations to single-nucleotide polymorphisms (SNPs) with at least ten reads in each sample and allele frequencies of at least 0.1. To validate mutations at the DNA level, primers were designed to flank the genomic locus of interest, and PCR was performed using GoTaq DNA polymerase (Promega). Excess primer and dNTPs were removed using ExoI and FastAP (New England BioLabs) followed by Sanger sequencing. The traces were aligned using Sequencher (Gene Codes Corp.), and the traces were examined for presence of the mutated allele.
Mouse ex vivo RNA-seq data quantification, normalization, and clustering. We used Sailfish 61 to quantify expression. We kept only transcripts with a maximum transcripts per million (TPM) value >1 in at least one sample. We performed the inverse hyperbolic sine transformation for variance stabilization and quantile-normalized the data. In Figure 2a , we performed hierarchical clustering on this normalized data using Euclidean distance and complete linkage for all KT, KPT-E, T nonMet , T nonMet , and Met samples. In Supplementary Figure 3a, we performed hierarchical clustering of the normalized data for all Met samples using Euclidean distance and complete linkage. In Figure 2b , we first estimated the effect of the clonal families on gene expression, as well as known batch effects, and discovered confounding factors in a linear-regression model using surrogate variable analysis (SVA) 62 . We then regressed out the estimated clonal effect and reclustered the adjusted data using the same hierarchical clustering procedure.
Genes driving metastasis.
To discover the genes that drive the transitions between different stages of cancer progression, we used the following procedure: (i) estimate batch effects and confounding factors using SVA while protecting the states being compared, (ii) fit a linear model with the newly identified confounding factors, batch effects, and metastatic effect, and (iii) rank genes in the order of evidence for differential expression using an empirical Bayes method 63 . We compared T nonMet versus Met samples, T nonMet and T Met versus KPT-E and KT samples, as well as liver versus lymph node metastases. Mouse genes were mapped to a direct human ortholog using the 'mmusculus_gene_ ensembl' database in BioMart 64 . For GSEA 65 , a rank-ordered list of differentially expressed genes was analyzed using GSEA v2.2.0 software available from the Broad Institute (http://www.broad.mit.edu/gsea). Only genes with a human homolog were used for this analysis.
Analysis of gene expression data from human lung adenocarcinoma. Human expression and clinical data for lung adenocarcinomas was downloaded from the Cancer Genome Atlas (TCGA) Data Portal 66 . We used tumor samples with barcode '01' and kept only genes with nonzero expression. Gene expression data was z-score-normalized. For the clinical data, we annotated patients with an event as 'true' if the patient died and 'false' if the patient did not die. The accompanying time is either the time of death or the listed time of last visit. We converted those individuals who died of a cause other than cancer to 'alive at a time of death' . We converted individuals who died after 6 years to 'alive at 6 years' . We truncated all times >6 years to 6 years.
For each gene profiled in the TCGA expression data set, we chose seven z-score thresholds (−1.00, −0.50, −0.25, 0, 0.25, 0.50, and 1.00) and tested the difference in Kaplan-Meier survival curves for individuals with expression levels below and above the chosen z-score threshold using the 'G-rho' family of tests (survival package in R). We required at least 20 individuals to be in each group above and below the z-score threshold. We performed this procedure with tenfold cross-validation and selected the threshold that led to the minimum P value across the 10 folds. With this threshold we calculated both the P value and the hazard ratio between the two groups by fitting a Cox proportionalhazards regression model (https://cran.r-project.org/web/packages/survival/ index.html). We performed multiple-hypothesis corrections by controlling the false discovery rate at a level of 0.05 (https://github.com/jdstorey/qvalue).
Metastasis signatures and survival model. We developed a mouse metastasis signature in which we selected the highest-ranked 276 genes that differentiated Met and T nonMet tumors (ranked by q-value). We combined the selected features into a metastasis-signature score. The score we used is the raw predicted value of each example when run through a Cox survival random forest model using the R package randomForestSRC 67, 68 with the selected genes in our signature. We used tenfold cross-validation to find the metastasis score threshold that maximized survival differences between the corresponding two groups. In each fold, we trained a survival model based on the training examples and predicted human survival time on the testing examples. We then optimized over all possible score thresholds at increments of 0.1 while requiring at least 20 patients in each group, selected the threshold that had the most significant difference in Kaplan-Meier survival curve, and used that threshold to predict high or low rates of survival for the held out examples. We also tested the ability of our mouse metastasis gene signature to differentiate survival times for patients with a known KRAS mutation using the same procedure. For evaluating our signature on the smaller set of patients with KRAS mutations, we reduced the minimum group size to 15.
We also used this method to determined the predictive power of several published signatures [23] [24] [25] (Supplementary Fig. 5c-j) . It is important to note that because these signatures have different numbers of genes and were used in different predictive models, direct comparisons are not entirely fair. In addition, we chose predictive expression thresholds for each gene through cross-validation, which may not have been comparable to the original signature, to give each existing signature the best predictive potential with our method. Still, these results indicate that our signature was largely comparable to, or better than, these published signatures. As an alternate approach, we also assessed how well our signature performs relative to random signatures with the same number of genes (Supplementary Fig. 5k ). This data suggests an empirical P value of ~0.05, but all signatures with strong predictive power achieved the same order of magnitude of P value (10 −6 ). Overall, this data supports our conclusion that aspects of this metastatic program are recapitulated in a subset of human lung adenocarcinomas.
Cell lines, lentiviral-shRNA vectors, gene expression, and quantification. The 889 and 299DTC cell lines were generated from disseminated cancer cells within the pleural cavity of a lung-adenocarcinoma-bearing Kras LSL-G12D/+ ;Trp53 flox/flox ; R26 LSL-Tomato (KPT) mice. The 579ST cell line was generated from a soft-tissue metastasis. These cell lines were chosen because they are Tomato + and form metastases from subcutaneous tumors. Human lung cancer cells were originally purchased from the ATCC, and the H460 and H23 cell identities were validated by Genetica DNA Laboratories using short tandem repeat (STR) analysis. Human renal cell carcinoma cells (Caki2, ACHN, Caki1, and 786-C3) were kindly provided by Jonathan Pollack (Stanford Medical School). All cell lines were confirmed to be mycoplasma negative (MycoAlert Detection Kit, Lonza).
Lentivirus was generated using the Delta8.2 and VSV-G packaging plasmids. To generate stable pLKO-lentivirus-transduced cell lines, we infected cells with the pLKO virus and began puromycin (4 µg/ml) selection after 72 h. We tested between three and ten pLKO-puromycin vectors with shRNAs targeting each candidate gene from the RNAi Consortium (TRC) whole-genome library. After infection and puromycin selection, we screened for the best knockdown of the 23 candidate pro-metastatic-factor-encoding genes by qPCR (Supplementary Table 9 ). pLKO-shGFP (Target sequence: 5′GCAAGCTGACCCTGAAGTTCA T3′) was used as the shControl-expressing vector for most of the experiments.
To make retroviral vectors expressing TGFBR2 (TGF-βRII) or SMAD4 dominant-negative mutants, cDNAs were generated by PCR amplification from pCMV5-HA-TBRII-(delta Cyt) (Addgene#14051) or pRK-DPC4-deltaC-Flag (Addgene#12628) and then cloned into the NcoI and EcoRI sites of pMSCV-GFP-blasticidin. MSCV retroviral vectors were generated using pCL-Eco and pseudotyped with VSV-G. MSCV-infected cells were selected with blasticidin (2 µg/ml) for 10 d.
To express Cd109 in mouse fibroblasts, full-length Cd109 cDNA was PCRamplified and cloned into the Lenti-pGK-Cre vector to generate Lenti-CAAGSCd109-pGK-Cre. loxP-Stop-loxP-YFP mouse embryonic fibroblasts were infected with the Cd109-Cre lentivirus for at least 72 h and then FACS-purified based on yellow fluorescent protein (YFP) expression.
To express active Stat3 (Stat3C), lentivirus was generated using the EF.STAT3. Ubc.GFP (Addgene#24983) or FUGW control (GFP control, Addgene#14883) vector. Stably transduced 889 cell lines were subsequently FACS-purified based on GFP expression.
Gene knockdown or expression was confirmed by qPCR using standard SYBR Green qPCR protocols and normalized to levels of mouse or human Gapdh. Primer sequences used in this study are listed in Supplementary Table 10 .
Cd109-knockdown cells, RNA-seq library preparation, and analysis. Total RNA was isolated from 1 × 10 6 cells of each line (889-shControl, 889-shCd109#1, and 889-shCd109#2) in duplicate using the Qiagen RNAeasy mini kit, resulting in six samples. For each sample, 1 µg of total RNA was used for library construction. The integrity and quality of RNA was assessed before library construction using an Agilent Bioanalyzer 2100. RNA-seq libraries were prepared using the Illumina TruSeq RNA v2 kit according to the manufacturer's instructions. High-throughput sequencing was performed on a single lane of an Illumina HiSeq 2000 for 100-bp paired-end reads. For analysis of the RNA-seq reads, we performed differential gene and transcript expression analysis using TopHat and Cufflinks 69 . RNA-seq reads were separately aligned to the mouse genome (mm10) using TopHat. The resulting alignment data from TopHat were then fed to the Cufflinks assembler (version 0.9.3) to assemble aligned RNA-seq reads into transcripts. Annotated transcripts were obtained from the UCSC genome browser (http://genome.ucsc. edu) and the Ensembl database; the category of transcripts was described at http://vega.sanger.ac.uk/info/about/gene_and_transcript_types.html. Transcript abundances were measured in fragments per kb of exon per million fragments mapped (FPKM). Finally, Cuffdiff was used to define differential expression.
Generation of Cd109-knockout lines. A 20-bp guide sequence (5′-CCACC TTCTCTGCTTGTGCG-3′) targeting DNA within the first exon of Cd109 was selected from the Broad Institute sgRNA designer (http://www. broadinstitute.org/rnai/public/analysis-tools/sgrna-design-v1), which predicts high-specificity protospacer-adjacent motif (PAM) target sites in the mouse genome 70 . Two complementary oligos containing the Cd109 guide sequence and BsmBI ligation adapters were annealed and ligated into the BsmBI-digested lentiCRISPRv2 vector 71 . To generate stable CRISPR-based knockout cell lines, cells were infected with lentiCRISPRv2 virus for 72 h and then selected with puromycin (4 µg/ml). Multiple FACS-sorted clonal cell lines were generated, and the target regions were PCR-amplified with primers (Cd109 ex1 Fwd 5′-GCGGGGGAAATGGGCTCCCTAT-3′ and Cd109 in1 Rev 5′-CCGGTCACCTCAGTCACACTGA-3′) followed by Sanger sequencing to validate insertions and deletions (indels).
Cell line transplantation and analysis. 6-to 10-week-old NSG mice of similar weights were used for cell transplantation experiments. For the initial subcutaneous injections, 5 × 10 4 889 cells were injected into both shoulders and both flanks of NSG recipient mice. Mice were analyzed 3 weeks after transplantation. For the subcutaneous tumors that were injected with and without pyridone 6 treatment, 5 × 10 4 889 cells were injected into both flanks of NSG recipient mice. To model treatment before and after surgical resection, we removed the subcutaneous tumors 10 d after transplantation. The mice were anesthetized with isoflurane, adjusted to a prone position, and remained under surgical anesthesia throughout the duration of the procedure. The subcutaneous tissues were incised with a no. 11 blade scalpel and the tumors were removed with an ~2-mm circumferential resection margin. Hemostasis was ensured. The skin was reapproximated in a linear fashion and closed with surgical staples.
For intravenous transplantation, cell number was based on the time points for analysis: (i) 5 × 10 5 889 cells were used for the 10-min, 2-h, and 2-d experiments; (ii) 1 × 10 5 889 cells were used for the 5-d or 7-d experiments; and (iii) 5 × 10 4 889 cells or 5 × 10 5 H460 cells were used for the 12-d experiments or those of longer duration. Tumor cells were injected into the lateral tail veins (in 200 µl PBS) of NSG recipient mice. Cohorts of mice were analyzed at the indicated times after transplantation. For analyses, lungs and liver were digested, and cells were isolated as described above. Single-cell suspensions were analyzed using a LSRII analyzer (BD) for Tomato + cells or were stained with an antibody specific for human HLA-A, HLA-B, and HLA-C (W6/32; BioLegend). For proliferation analysis, mice were labeled for 24 h with one intraperitoneal injection of BrdU (50 mg/kg). After cell isolation, 50% of cells were fixed, stained, and analyzed for the cancer cells that were BrdU + .
For intrasplenic injection to directly seed liver metastases, 5 × 10 4 889 cells were injected into the spleen of NSG recipient mice in 50 µl PBS using standard methods 72 . The spleen was removed 10 min after injection, and mice were analyzed 12 or 18 d after transplantation. In all experiments, surface-Tomato + metastases in the lung and liver were quantified using a fluorescence dissecting scope. Tumor area relative to total area was quantified using ImageJ on hematoxylin and eosin (H&E)-stained sections.
Western blotting. Cells were lysed in RIPA buffer (50 mM Tris-HCl pH 7.4, 150 mM NaCl, 1mM EDTA, 1% deoxycorticosterone (sodium), 0.1% SDS, and 1% Triton X-100) containing Halt protease and phosphatase inhibitors (Thermo Scientific, 78440). Lysates were incubated on ice for 30 min and spun at 10,000g for 20 min at 4 °C. Supernatants were used as total lysates. Protein concentrations were determined with the BCA protein assay (Pierce, 23225). Supernatants were boiled in reducing SDS sample buffer, and 20 µg of protein lysate per lane was separated on a 4-12% Bis-Tris gel (NuPage) and transferred onto a PVDF membrane. Membranes were blocked for 1 h with 1% nonfat dried milk in TBS and immunoblotted using primary antibodies against Hsp90 Reagents. The following inhibitors were used at the indicated concentrations: dasatinib (Selleck Chemicals, S1021), erlotinib (Selleck Chemicals, S1023), fedratinib (Selleck Chemicals, S2736), tofacitinib (Selleck Chemicals, S2789), ruxolitinib (Selleck Chemicals, S1378), pyridone 6 (EMD Millipore, 420099), cucurbitacin I (EMD Millipore, 238590), and filgotinib (Selleck Chemicals, S7605) Histologic preparation and immunohistochemistry. Samples were fixed in 4% formalin in PBS overnight and transferred to 70% ethanol before paraffinembedding. Immunohistochemistry was performed on 4-µm sections with the ABC Vectastain kit (Vector Laboratories) with an antibody to RFP (Rockland; 600-401-379), BrdU (BD Biosciences, 3D4), or cleaved caspase-3 (Cell Signaling Technology, D3E9). Sections were developed with 3,3′-diaminobenzidine (DAB) and counterstained with H&E using standard methods. Percentage tumor area was calculated using ImageJ. Positive cells per optical field were counted using ImageJ on randomly chosen 20 × -fields per section.
Cell culture assays. For the low-density plating assay, 2.5 × 10 3 cells were seeded in triplicate on a 10-cm plate. Mouse cell lines were allowed to grow for 1 week before quantification using ImageJ; human cell lines were grown for 2 weeks. To assess the proliferation rate, 1 × 10 5 cells were plated in each well of a 6-well plate. Eighteen hours later, the subconfluent cells were labeled with 10 µM BrdU for 2 h, followed by anti-BrdU staining using the BD APC flow kit according to the manufacturer's instructions. Proliferation was also assessed using PrestoBlue Cell Viability Reagent (A13261, Invitrogen), with 2.5 × 10 3 mouse cells or 5 × 10 3 human cells seeded in triplicate wells of a 96-well plate.
For anchorage-independent growth assays, 2 × 10 4 mouse cells or 4 × 10 4 human cells were plated in triplicate wells of a 6-well tissue culture plate in 0.4% agar in culture medium on top of a layer of 0.8% agar with culture medium. Cells were allowed to grow at 37 °C for 2-3 weeks. Colonies that were inherently tdTomato + (as the 889 cell line was derived from a KPT mouse) were quantified using the fluorescence microscope, otherwise colonies were stained with 0.2% crystal violet at room temperature for 30 min and subsequently destained with water for several days. Once the colonies were visible by eye, they were counted using a microscope and ImageJ.
For migration assays, 1 × 10 6 cells were plated in triplicate in 6-well plates per experiment overnight, such that confluency was reached the next day. A 200-µl pipette tip was used to initiate the scratch. The gap was monitored over time, and gap measurement and analysis was quantified using Tscratch 73 .
Statistical analysis. Graphs and statistics were generated using the GraphPad Prism software. Significance, where indicated, was calculated using the unpaired Student's t-test. No statistical method was used to predetermine sample size.
Data availability.
Mouse ex vivo RNA-seq data has been deposited to the Gene Expression Omnibus under accession numbers GSE84447 and GSE84449. RNAseq data for the 889-shControl and 889-shCd109 cell lines is under accession number GSE84448.
